Abstract-Cross-correlation evaluation model, CCEM, was mainly studied to evaluate how much two different topologies are similar to each other in a quantitative way, and further used in evaluating whether a topology by an Internet topology model is close to real Internet or not. SLS (Signless Laplacian Spectra), is used to quantitatively identify the topology properties of the Internet generated by the model and the Internet out of real measuring. SLS eigenvectors could be gained out of this procedure, then a cross-correlation calculation was performed on the eigenvectors to give the difference identification in a quantitative way. With this, a recommended way of using the CCEM within a Genetic Algorithm was finally given.
I. INTRODUCTION
The research on the Internet topology modeling has been growing into a hot topic in Internet-related research fields recently [1] . There are basically three phases of research in Internet topology modeling from 1980's till now [4] . The latest researches have been giving great help in discovering characters of Internet topology after Faloutsos found power-law distribution in Internet topology structure in 1999 [6] . And after that, based on the power-law related findings, many researchers had developed many kinds of Internet topology models. All these models could give a mathematical way to construct an Internet, however, they could only be named as qualitative or quasi-quantitative models because the way to construct these models are not complete quantitative.
To construct a completely quantitative model, quantitative evaluation algorithm is necessary. Cross-correlation Evaluation Model, CCEM, out of composite methods of graph theory, spectral density [5] and correlation algorithm [15] would be studied in this paper.
A. Spectral density introduction
A non-directed graph G could be denoted by it symmetrical adjacency matrix A. If there is a link between node i and node j in G, then A ij =A ji =1, otherwise A ij =A ji =0. Eigen values of G are the eigen values of its matrix A, and they are denoted as λ 1 , λ 2 … λ n .
Researches in Graph Theory show that eigen values of a graph are closely related to the structural properties of the graph topology. So studies on a graph's eigen values are useful in topology research.
Spectra of a graph G is denoted by a set of the eigen values and their tuple of its adjacency matrix A [2] , and it's denoted as Eq. (1 ( 1) where m is the tuple of the eigen value.
Spectral density ) (λ ρ , is the eigen value density of the adjacency matrix A, and it could be denoted as: [2] 
B. Experiment samples
Experiment samples in this paper are the router-level Internet samples measured from CAIDA1. The rough measuring results in this paper are the router-level Internet topology data measured at 30 th , Jan. 20062 from as many as twenty-one CAIDA monitors3. And after the IP Alias resolution, we get twenty-one set of measuring samples.
Then we move on sampling bias handling process. Firstly, we gather them together (the twenty-one monitor measuring results) to form a complete testing sample in order to reduce the impact of sampling bias to an extreme extent. And this best copy of sample is undoubtedly regarded as our key sample in experiments of the paper.
However, we still made several other inferior or incomplete testing samples for comparison reasons, and they are sample(1) comprising data from only one monitors (arin monitor), and sample(2) from two monitors (arin, b-root), till sample(20) from as many as twenty monitors.
Finally, We get an experiment Internet samples with 1,145,841 routers (nodes) and 2,907,638 links from the twenty-one monitors. After IP alias-solution [16] [17] , the size of the sample reduced to 29,367 routers and 190,280 links respectively [12] , but still too large to be easily handled by computer.
To simplify the computation, we performed a second-order sampling (re-sampling) operations on the experiment samples, and the re-sampling rules are: 1)Re-sampling operation is completely random, it could start from any effective node in target graph; 2)Re-sampled results must be a connected graph; 3)Re-sampled results should cover as much nodes as possible, i.e., node selection is preferential to link selections.
At last, the re-sampled Internet topology graph was converted into an adjacency matrix for further calculation.
II. POSSIBILITY OF USING SPECTRAL DENSITY IN DISTINGUISHING TOPOLOGY GRAPHS
Before we made use of spectral density to construct CCEM, we would first testify whether it could be used to distinguish topology graphs (including Internet topology) or not.
Three representative graphs: ER random graph, Scale-free graph and Internet topology graph were selected for the test in this paper.
A. Distinguishing ER random graph
According to [3] , the spectral density of an ER random graph converges to a half-circle, and the low part of the half-circle exhibits an exponential distribution, as is shown in Fig. 1 from Ref. [3] . 
B. Distinguishing scale-free graph
Spectrum density of a scale-free graph out of BA model [3] [8] [9] [10] [11] exhibits a symmetrically continuous curve with a triangular center together with two power-law distribution sides, as is shown in Fig. 2 from Ref. [8] . 
C. Distinguishing Internet topology graph
We can find from Fig. 1 and Fig. 2 that different graph exhibits quite different spectra diagram. Thus the spectral density could be utilized as a tool to distinguish graph.
Internet topology graph, as we know, is a type of graph different from ER graph and Scale-free graph, but is a little similar to the scale-free one [1] [6] [12] . We then take a look at if it is possible to distinguish the Internet topology graph from the scale-free one.
For simplicity and better comparison, we draw three copy of Internet graph with the re-sampling tool mentioned above and the size of the three samples after re-sampling are 30 nodes and 29 links, 300 nodes and 536 links, as well as 500 nodes and 753 links respectively. Their eigen values and spectral density are listed in table I. The symmetry of the spectral density could be found from table I, and this is consistent to the spectra symmetry on scale-free graphs found in [3] , [8] . The correspondence match proves in a coarse granularity that there is a little similarity between the Internet graph and the scale-free graph, as was mentioned previously.
However, there are differences between the graphs, and we illustrated the Internet's spectra diagram in Fig. 3 for better comparison. ips and 500 ips), such as two small peaks when λ =± 1.0000, one distinct peak when λ =0, and all ) (λ ρ <0.005 when λ <-1.0000 and λ >1.0000.
All three graphs comprise quite different size and contents (specific routers and links) due to re-sampling rules, and the conformity found in Fig. 3 shows that, though performed on different part of Internet, the spectral density still get similar results. So conclusions could be made that, spectral density is OK in representing real Internet graph characters.
Next, we compare Fig. 3 with the scale-free graph ( Fig. 2) and find that the center of three spectral density curves in Fig. 3 is of triangular shape, which is similar to the scale-free graph. For the two side parts, however, they are different from scale-free graph since the side parts are not complied with exponential distribution or power-law distribution. So the spectral density is OK in distinguishing Internet graph from the scale-free graph.
Again, we begin to distinguish the Internet graph from the ER graph by comparing Fig. 3 with Fig. 1 , and the differences are easily found from the two Fig.s . So, we make the conclusion that the spectral density is OK in distinguishing Internet graph from the ER graph.
Together with the fact that spectral density gives a quantitative description of Internet topology characters, we would make use of it in CCEM for Internet topology modeling. 
III. INTERNET TOPOLOGY CHARACTERS DISCOVERED
What's more, we enlarge the size of the re-sampled Internet topology graph from 30 ips, 300 ips and 500 ips ( Fig. 3) to 300, 800, 2000, 3000 and 4000 ips (Fig. 4 ) so as to make a graph closer to the real Internet.
We know that the more nodes a graph has, the closer to real Internet it is. However, a graph with 4000 ips is the largest one in this paper, and the reasons are: 1) Limitations of computing abilities, the calculating efficiency of spectral density would decrease sharply if the size of the graph increases over 4000; 2) Internet characters could be well expressed through spectral density no matter how many nodes an Internet graph has. And this is a fact having been proved in Fig. 3 (different-sized-graph has conformities in spectral density structure) and going to be proved again in Fig. 4 . Similar to what was found in Fig. 3 , the conformity among five Internet graphs proved that, only a small-sized Internet graph could be enough to represent key properties of real Internet topology by spectral density based on the re-sampling tool. Which means that, performing experiments on the complete Internet topology graph is not necessary any more for us to study its properties, a rather smaller re-sampled graph with appropriate algorithm could also be effective.
Back to the basic idea of this paper, to distinguish topology graphs by comparing their spectral density. However, the spectral density is somewhat in coarse granularity, there is another especially valuable kind of spectral density named Signless Laplacian Spectra (SLS) which could give further and finer information on a graph's properties [14] .
B. SLS
An SLS matrix |L| of a graph G is defined to |L|=D+A, where matrix D is a diagonal matrix representing G's degree, and matrix A is G's adjacency matrix [14] . SLS is eigen values of |L|. Some researches in graph theory indicate that SLS is the best spectra in distinguishing different graphs [14] . In this paper, SLS is used on four re-sampled Internet topology graphs (3000 ips). And the result is illustrated in Fig. 5 . There are two evident horizontal lines when SLS equals to 1 (10 0 ) and 2, which means that there are the most nodes in the Internet topology graph when SLS equals to 1, and the second-most nodes at SLS=2. All four samples exhibit same properties clearly in Fig. 5 .
For the other part of the Fig. 5 , i.e., the part when SLS>2 and SLS<1, we'd make further studies by performing power-law distribution fitting operations [1] . The fit result is illustrated in Fig. 6 and Fig. 7 .
From Fig. 6 , we could see that there is obvious power-law relationship between SLS and its corresponding descending order, and the fitting result ACC (absolute value of the correlation coefficient) is greater than 0.9, meaning that the fitting operation is highly acceptable. The power-law relationship found here is quite consistent to what was found in the spectral density research on China CERNET in [1] .
However, there is not clear power-law relationship since ACC is rather small in Fig. 7 . And this could also be regarded as a criterion identifying Internet graph. 
C. Selection for CCEM
Compared with the general spectral density, SLS is better since 1) SLS is recommended to be the best spectra in Ref. [14] ; 2) SLS is as same as the general spectral density in quantitatively identifying Internet graph by its eigen value sequence, but is better in discovering more characters of Internet such as two horizontal phases at SLS=1 and SLS=2, one power-law distribution part when SLS>2 and non-power-law distribution at SLS<1.
So, SLS would be selected for studying CCEM.
IV. CROSS-CORRELATION EVALUATION MODEL

A. Transformation from SLS to data sequence
To evaluate an Internet model is to determine the differences between the generated Internet topology and the real Internet topology. SLS eigen values sequences are introduced to determine the differences as a quantitative evaluation way.
The SLS eigen values are a sequence of numerical numbers representing the primary characters of the target graph, i.e., the Internet topology graph. With the two value sequences, the problem left for us is to find an effective algorithm to get the evaluation result between them.
CCEM, then is used to evaluate whether a given or a generated topology is similar to or same as the real Internet topology. And the first requirement of CCEM is to transform SLS into data sequence.
After the sort of eigen values of SLS in descending way, the data sequence is gained and ready for the next step evaluation, as is shown in Eq. (3) and Eq. (4).
(
4) where u[m] is sequence of real Internet topology, v[n]
is sequence of a given topology, m and n denote the descending order of SLS eigen value of the real Internet topology and a given topology, respectively.
B. Cross-correlation algorithm
Cross-correlation algorithm is capable of distinguishing and identifying the differences between numerical number sequences in an absolutely quantitative way [15] , and it's defined in Eq. 
where 
According to Eq. (10), we get:
(12) First, we are going to prove:
. (13) Consider a non-negative variable,
(14) Extend this Eq. (14), we get: 
End proof.
We then use SLS eigen values from Fig. 5, i. e., the four SLS sequences from four real Internet topology, to testify whether Proof (1) is correct or not. And for Fig. 9 , we can find that the cross-correlation still reach the maximum when disalignment lag equals 0, though all four SLS sequences, i.e., SLS (1)(2)(3)(4) are different from each other.
The four SLS sequences, however, all come from real Internet topology, are quite similar to each other. And we can see that the maximum of three cross-correlation nearly reach 1, quite close to the maximum value of auto-correlation in Fig. 8 . This is quite reasonable, because the topology that SLS(1)(2)(3) and SLS (4) represent are proved to be similar in section III, and it's again proved to so close in topology structure to each other that the cross-correlation values are almost equal to that of auto-correlation, i.e., the four topology are almost same to each other. During the mean while, Proof (1) is testified to be true.
By now it seems that the alike topology always reaches a maximum close to 1 during cross-correlation calculations, what about the disalike topologies. We select SLS(1) and make cross-correlation calculation with three random sequences and illustrated the results in Fig. 10 . From Fig. 10 , it's clear that the plot is quite different from that in Fig. 9 . Firstly, the maximum of cross-correlation is around 0.2, not 1 as in Fig. 8, and Fig.  9 , meaning that the similarities between SLS (1) and random sequences (1)(2) and (3) are not identical to each other, i.e., the topologies represented by SLS(1) and the other three random sequences are not alike to each other. This is quite reasonable since the three random sequences originate from random operations, it's unlikely to be identical to SLS (1), or the random generated topology has very little possibility to be similar to the real Internet topology.
Secondly, the growing curves are not close to zero any more, but close to 0.1. The reason is that part of the randomly generated sequences is "similar" in some way to part of SLS sequence (1). The "similarity", however, is quite low since the cross-correlation values are near 0.1 and 0.2, quite far from 1, the value of the cross-correlation calculation from completely identical topologies.
With Proof (1) and illustrations from Fig. 8, 9 and 10, CCEM can be used to evaluate the difference between topologies, and more important, CCEM can function as a measuring scale to evaluate how much a given topology is close to the other one.
The gained result from CCEM would be a relative large cross-correlation value if the two sequences or two topologies are similar to each other, or a small value otherwise. Then a threshold would usually be set for making decisions when using CCEM in evaluating Internet topology model.
B. CCEM algorithm
The CCEM algorithm for the Internet topology is shown in table II. End LOOP till the cross-correlation result is greater than the threshold, which implies that the modeled Internet is similar enough to the real Internet; /* The threshold is adjustable. */ Else adjust the parameter of the Internet model, and continues the loop.
The size of the modeled Internet graph and that of real Internet graph must be identical, and the user could control how to set the value. We know that the real Internet graphs with different size are quite different, even the real Internet graph with the same size but re-sampled at different time, are not identical to each other. So the result gained out of the algorithm may differ in some way each time.
But we still consider the CCEM algorithm to be effective because (1) the properties of the real Internet by re-sampling rules are quite similar (Fig. 4, 5 and 6 ), so the different re-sampled Internet graph could not make great changes for the algorithm results. (2) Internet is a kind of dynamically growing networks, there is not a static Internet graph to be used as a template in the algorithm. So the re-sampled Internet is so far OK to be used in the algorithm.
C. A recommended way to use CCEM
A way to use CCEM is recommended as: to use it within a Genetic Algorithm (GA). Here are the reasons. 1) GA fit the CCEM studied in this paper quite well. GA could give direct calculations and optimizations when using CCEM to evaluate and optimize a given topology to real Internet topology.
2) Most Internet modeling researches are out of statistics at present because the Internet is too huge to be handled by other approaches. And most statistical result is a mathematical model with parameters that are not quite certain, for example, some parameters are defined as a numerical interval [5] , but not a certain value. To determine these parameters, or to optimize the numerical intervals, is what the current researchers are required to do, and technically speaking, it needs rounds of repeatable calculations. Under such conditions, GA would be the most appropriate tool because of it's quite good at repeatable computation and auto-decision-making. GA could automatically make adjustments to the Internet model's parameters till the optimization is done.
So CCEM is recommended to be used in a GA in Internet topology modeling researches.
A possible use of GA with CCEM is listed in Table III . Randomly initializing a gene group comprising a bundle of genes.
(2) Definition of evaluation function
The choice of ε should minimize the difference between the generated network and real Internet, i.e., the cross-correlation outcome should be maximized. So the evaluation function should be as:
Genes were sorted by scores from high to low in the gene group, and the first m*N genes, m is a random number (0<m<1), were selected for the next round calculation by GA. Then we duplicate the selected genes, and deleted the last m genes to keep the group size remaining the same. Randomly select two genes, xi(vi…)、xj(vj…) out of the group to perform the crossover. /*Unlike crossover operations, not all genes have to be mutated. We set up a threshold of 0.3 in the algorithm, which means only 30% genes would be performed by mutation. */
6) Termination conditions
Basically there are two termination conditions in GA.
Firstly, GA would be terminated right after the best gene is found when evaluation function result in the highest score or a maximum value. As mentioned above, maximized outcome from cross-correlation only occurs when the two SLS eigenvectors are totally identical. And in this paper, it's quite obvious that ) , ( y y r (as mentioned, y is the SLS eigenvector of real Internet topology from Fig.5 ) is the maximum we are looking for, which means the generated network is completely equivalent in topology to real Internet.
This maximum value, however, is hard to achieve, since it's hard to generate a network exactly same as real Internet. We then set up a best optimized parameter ε is regarded to be found and GA will stop running if the evaluation result out of evaluation function is great than this threshold.
The second termination condition is when GA have repeated for more than 1000 times before finding the best gene (parameter ε). If so, terminate the algorithm. This is done to ensure ending GA in an appropriated way, or else GA might run a very long time.
V. CONCLUSION CCEM and its algorithm were studied in this paper. Firstly, we testified the ability of spectral density in distinguishing different graphs by performing it among three different but representative graphs, ER random graph, BA scale-free graph and the Internet topology graph. And we found that three yielded spectra showed quite different properties, so that the spectral density approach was confirmed to be capable of distinguishing and identifying Internet graphs.
Secondly, for the sake of quantitative research, we put the Internet graph into its adjacency matrix, and then get its SLS eigen values (a kind of specific spectral density) which made the quantitative research possible. Thirdly, a cross-correlation algorithm was introduced to quantitatively evaluate the difference between graphs. CCEM together with its algorithm was finally brought forward for Internet topology modeling.
What's more, CCEM was recommended to be used in a Genetic Algorithm during the Internet topology modeling researches. And our next work is to set up a new Internet topology model with parameters optimized by CCEM together with GA studied in this paper.
